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We have developed a false positive FP reduction method based on analysis of bilateral mammo-
grams for computerized mass detection systems. The mass candidates on each view were first
detected by our unilateral computer-aided detection CAD system. For each detected object, a
regional registration technique was used to define a region of interest ROI that is “symmetrical”
to the object location on the contralateral mammogram. Texture features derived from the spatial
gray level dependence matrices and morphological features were extracted from the ROI containing
the detected object on a mammogram and its corresponding ROI on the contralateral mammogram.
Bilateral features were then generated from corresponding pairs of unilateral features for each
object. Two linear discriminant analysis LDA classifiers were trained from the unilateral and the
bilateral feature spaces, respectively. Finally, the scores from the unilateral LDA classifier and the
bilateral LDA asymmetry classifier were fused with a third LDA whose output score was used to
distinguish true mass from FPs. A data set of 341 cases of bilateral two-view mammograms was
used in this study, of which 276 cases with 552 bilateral pairs contained 110 malignant and 166
benign biopsy-proven masses and 65 cases with 130 bilateral pairs were normal. The mass data set
was divided into two subsets for twofold cross-validation training and testing. The normal data set
was used for estimation of FP rates. It was found that our bilateral CAD system achieved a
case-based sensitivity of 70%, 80%, and 85% at average FP rates of 0.35, 0.75, and 0.95 FPs/image,
respectively, on the test data sets with malignant masses. In comparison to the average FP rates for
the unilateral CAD system of 0.58, 1.33, and 1.63, respectively, at the corresponding sensitivities,
the FP rates were reduced by 40%, 44%, and 42% with the bilateral symmetry information. The
improvement was statistically significance p0.05 as estimated by JAFROC analysis. © 2007
American Association of Physicists in Medicine. DOI: 10.1118/1.2756612
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reductionI. INTRODUCTION
Breast cancer is one of the leading causes of death among
American women between 40 to 55 years of age.1 It has been
reported that early diagnosis and treatment can significantly
improve the chance of survival for patients with breast
cancer.
2–4 Although mammography is a powerful screening
tool for detecting breast cancer,5,6 studies indicate that a sub-
stantial fraction of breast cancers that are visible upon retro-
spective analyses of the images are not detected initially.7–9 It
has been shown that computer-aided detection CAD can
increase the cancer detection rate by radiologists both in the
laboratory and in clinical practice.10–15
In screening mammography, two mammographic views,
cranio-caudal CC and mediolateral oblique MLO views
are generally taken of each breast. During mammographic
interpretation, the radiologist combines complex information
including morphology, texture, and geometric location of any
suspicious structures of the imaged breast from different
views, asymmetric density patterns between bilateral mam-
mograms of the same view, and changes between the current
and the prior mammograms if available. Radiologists have
3334 Med. Phys. 34 „8…, August 2007 0094-2405/2007/34„8found that these techniques are effective in improving the
accuracy of detecting subtle lesions and reducing false posi-
tives FPs.
Investigators have attempted to implement the multiple
image techniques in CAD systems to improve the detection
accuracy of abnormalities and the classification accuracy of
differentiating malignant and benign lesions. Hadjiiski et
al.16 developed an interval change analysis of masses on cur-
rent and prior mammograms and found that the classification
accuracy of masses can be improved significantly in com-
parison to single image classification. Paquerault et al.17 de-
veloped a two-view CC and MLO views fusion technique
to reduce FPs in mass detection and obtained significant im-
provement by comparing to their one-view detection system.
van Engeland et al.18 recently presented a two-view CAD
system by using the features including the difference in the
radial distance from the candidate regions to the nipple, the
gray scale correlation between both regions, and the mass
likelihood of the regions determined by the single view CAD
scheme. Yin et al.19 used bilateral subtraction in a prescreen-
ing step of a mass detection program to locate mass candi-
dates, but the subsequent image analysis was performed
3334…/3334/11/$23.00 © 2007 Am. Assoc. Phys. Med.
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bilateral CAD system based on a bilateral subtraction ap-
proach and used size and eccentricity tests and texture fea-
tures to eliminate FPs. Again, the bilateral information is
only used to find the suspicious objects and the subsequent
analysis is based on a single view.
The detection of masses on mammograms is a challenging
task. The normal fibroglandular tissue in the breast causes
FPs by mimicking masses and causes false negatives FNs
due to overlapping with lesions. In order to improve the per-
formance of our mass detection system, we are investigating
computer-vision methods by incorporating information from
two-view mammograms17 and bilateral mammograms,21
emulating radiologists’ mammographic interpretation tech-
niques. In this study, we will discuss our approach to FP
reduction by analyzing the symmetry or asymmetry of den-
sity patterns between bilateral mammograms.
II. MATERIALS AND METHODS
A. Data sets
A database of mammograms was collected from patient
files at the Department of Radiology with Institutional Re-
view Board approval. The mammograms were digitized by a
Lumiscan laser scanner with a pixel size of 50 m
50 m and 12 bits per pixel. The pixel size was increased
to 100 m100 m by averaging every 22 adjacent
pixels before being input to the CAD system. In this study,
two data sets are used: a mass data set containing bilateral
digitized mammograms with malignant or benign masses and
a no-mass data set containing bilateral digitized mammo-
grams without masses, verified by an experienced radiolo-
FIG. 1. The characteristics of our mass data set: a distribution of mas
circumscribed, Ind: indistinct, M: microlobulated, Ob: obscured, Sp: spicu
estimated by a MQSA radiologist.gist. All cases had four mammographic views, the CC view
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set and the no-mass data set contained 276 cases 552 bilat-
eral pairs and 65 cases 130 bilateral pairs, respectively,
yielding a total of 1364 mammograms. The mass data set
was used to estimate the detection sensitivity and the no-
mass data set was used for estimating the FP rate number of
FPs per image. In the mass data set, each patient had a
biopsy-proven mass in one of the breasts, resulting in a total
of 276 masses, 166 of which were benign and 110 malignant.
A Mammography Quality Standard Act MQSA radiologist
identified the location of the masses based on all available
diagnostic and clinical information of the case, measured the
mass sizes as the longest dimension seen on the two-view
mammograms, provided descriptors of the mass shapes and
mass margins, and also provided an estimate of the breast
density in term of Breast Imaging Reporting and Database
System BI-RADS category. Figure 1 shows the information
of our data set which includes the distributions of mass sizes,
mass shapes, mass margins, and breast density.
For training and evaluation of the performances of the
CAD systems, the cases in our mass data set were divided
into two independent data subsets containing 136 and 140
cases, respectively, for twofold cross-validation training and
testing. Of the 136 cases in subset 1, 52 were malignant and
84 were benign. Of the 140 cases in subset 2, 58 were ma-
lignant and 82 were benign. The no-mass data set was not
used during training. All 260 mammograms were kept as
independent test samples to be used with both test subsets.
B. Methods
Our bilateral CAD system combines unilateral features
s, b distribution of mass shapes, c distribution of mass margins, C:
and d distribution of the breast density in terms of BI-RADS categorys size
lated,with bilateral features to reduce FPs. Similar structures that
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locations are more likely to be normal tissue than masses,
whereas asymmetric density may indicate a developing le-
sion. The key of this system is therefore the design of a
classifier that can differentiate symmetry and asymmetry of
paired regions of interest ROIs in corresponding regions on
bilateral mammograms of the same view. The system con-
sists of four steps: 1 mass candidate MC localization, 2
corresponding ROIs CR registration, 3 feature extraction
and analysis, and 4 bilateral information fusion. Figure 2
shows the block diagram for our bilateral CAD system. The
detailed description for each step is presented below.
1. Mass candidate localization
Identification of mass candidates is performed by the fol-
lowing two steps: breast segmentation and mass candidate
detection. The breast image is first segmented from the sur-
rounding image background by boundary detection.
The algorithm developed by Zhou et al.22 in our labora-
tory is used to track the breast boundary and segment the
breast from the background. Mass detection is performed
only in the breast region. We have previously developed a
mass detection system for unilateral mammograms.23–25 The
system is used for mass candidate detection in the current
study. The system performs mass detection in two steps. In
the first step, a gradient field analysis method is used to
determine the seeds of mass candidates followed by a region
growing24 method to segment the mass candidates starting
from those seeds. In the second step, the gradient conver-
gence is calculated using the gray levels and the shape of the
segmented mass region as a priori information. The mass
candidates that pass the gradient convergence criterion are
retained for further analysis in the bilateral system. Figure 3
shows an example of mass candidates detected on a
mammogram. Figures 3a–3c show the original image,
detected breast boundary, and the detected mass candidates,
FIG. 2. Block diagram of the bilateral CAD system for mass detection on
mammograms.respectively.
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For each mass candidate, its corresponding ROI on the
contralateral mammogram is identified by the regional regis-
tration technique developed previously in our laboratory16
with a modification to handle the special case when the dis-
tance between the nipple location and the center of a ROI is
too small to obtain the intersection points on the breast
boundary. The nipple location on each image was manually
identified so that the effectiveness of the bilateral analysis
method could be evaluated independent of nipple detection
errors.
The original region registration technique included the
following steps. The registration is performed in a polar co-
ordinate system where the origin is located at the nipple lo-
cation of a breast image. Figure 4 shows an example of lo-
cating the corresponding ROI of a mass candidate on the
contralateral mammogram. Using the distance r from the
nipple o to the center of the mass as the radius, an arc cen-
tered at the origin nipple is drawn. The arc will intersect the
mass candidate and the breast boundary at two points, p and
q. The angle between om and op is defined as , the angle
between op and oq is defined as . On the contralateral
mammogram, the corresponding ROI m is localized with a
similar procedure. An arc of radius r centered at the nipple o
of the contralateral mammogram is drawn. The intersections
of the arc with the breast boundary are p and q. The angle
FIG. 3. An example of performing the mass candidate identification: a an
original mammogram, b the detected breast boundary of a, a mass is
marked by the arrow, and c the detected mass candidates of a.
FIG. 4. An example of obtaining the corresponding ROI of a mass candidate
on the contralateral mammogram: a mass candidate on the left MLO view
at m and b corresponding ROI on the right MLO view at m.
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corresponding ROI as determined by the angle  between
op and the radius om is estimated as  /. The coor-
dinate of the center of the corresponding ROI is therefore
given by r, .
For some special cases that the nipple is located within
the breast, not on the breast boundary referred to as an in-
ward nipple, our original regional registration method may
fail since the distance from the nipple to the mass candidate
can be too short to obtain two intersection points on the
breast boundary. In order to handle those special cases, the
new origin will be derived by horizontally shifting the origin
of the polar coordinate system toward the breast boundary
until the intersection on the breast boundary is reached. In
this way, the radius can be roughly determined such that the
corresponding ROI location can be estimated. Figure 5
shows an example of the modified regional registration. Fig-
ure 5a shows an example that the distance om between the
nipple and a mass candidate is too small to obtain two inter-
section points at the breast boundary. After horizontally shift-
ing the origin from o to n in Fig. 5a and the origin from o
to n in Fig. 5b, the location of the corresponding ROI m
is estimated based on the new origins using the regional
registration technique as described above.
3. Feature extraction and analysis
a. Feature extraction. For the features analysis, two
types of features, spatial gray-level dependence SGLD tex-
ture features and morphological features are extracted from
both the ROI containing the detected mass candidate and its
contralateral ROI.
For the SGLD features, 13 texture measures24–26 are ex-
tracted from the entire ROI referred to as the global texture
features at 14 distances and two angles with a total of 364
13142 features. The same 13 texture measures are ex-
tracted from the central region containing the detected object
and the peripheral regions within each ROI referred to as the
FIG. 5. An example of obtaining the corresponding ROI based on the modi-
fied regional registration technique: a the nipple location o, the shifted
origin n, and the mass candidate m, and b corresponding ROI on the
contralateral mammogram.local texture features at four distances and two angles with a
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104 features as the difference of the corresponding features
in the central and the peripheral regions.25
Twelve morphological features are extracted from the ob-
ject segmented within the ROI.24,25 Five of them are based
on the normalized radial length NRL, defined as the Eu-
clidean distance from the object centroid to each of its edge
pixels and normalized relative to the maximum radial length
for the object.27 In our previous studies, we found that the
mean, standard deviation, entropy, area ratio, and zero cross-
ing count features derived from the NRL are useful for dis-
criminating between objects containing masses and normal
tissue.24 The other six morphological features are the perim-
eter, area, perimeter-to-area ratio, circularity, rectangularity,
and contrast of the object.24 The last morphological feature is
the summary Fourier descriptor measure,28 which is obtained
from the Fourier transform of the object boundary sequence.
Objects with more irregular contours have more high-
frequency components than those with smooth contours.29
b. Unilateral CAD system The unilateral linear discrimi-
nant analysis LDA classifier uses only the SGLD texture
features as input predictor variables as described
previously.25 The stepwise LDA feature selection strategy
with simplex optimization16 was used to select the best tex-
ture feature subset and reduce the dimensionality of the fea-
ture space. Twofold cross validation was used to train and
test the CAD systems, as discussed below. For each of the
two cross-validation cycles, the algorithm used a leave-one-
case-out resampling method and simplex optimization within
the training subset to estimate the best threshold values, Fin,
Fout, and tolerance, based on the F statistics for stepwise
feature selection. The chosen Fin, Fout and tolerance values
are then used to select a set of features and the weights for
the LDA classifier are estimated from the training subset.
The test subset was thus independent of the classifier training
in each cross-validation cycle. This procedure has been de-
scribed in more details previously.23
4. Bilateral information fusion
a. Bilateral LDA classifier. The bilateral LDA classifier
incorporates the “symmetry” information on the left and
right breasts to differentiate symmetric likely FPs and
asymmetric likely masses structures. Bilateral features are
derived from the unilateral SGLD texture features and the
morphological features for each pair of ROIs—a detected
mass candidate and its corresponding ROI, using the follow-
ing relationship:
BFi, j = MaxMCi, j, CRi, j
MinMCi, j, CRi, j , 1
where MCi , j and CRi , j are the ith feature of the jth
mass candidate and the ith feature of the jth corresponding
ROI, respectively. The bilateral LDA classifier was trained in
a similar way as that for the unilateral LDA classifier, as
described above.
b. Bilateral CAD system. In the last stage, the discrimi-
nant scores of the unilateral and bilateral classifiers are
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were also trained with the training subset. The output score
from the third LDA is used to differentiate true positives
TPs from FPs in the bilateral CAD system.
5. Evaluation methods
The detected individual objects were compared with the
true mass location marked by an experienced radiologist. An
object was considered to be a TP if the overlap between the
detected object and the true mass was greater than 25%. The
25% threshold was selected as described in our previous
study.30
To evaluate the performance of our bilateral LDA classi-
fier, the test discriminant scores were analyzed using receiver
operating characteristic ROC methodology.31 The accuracy
for classification of mass and normal tissue was evaluated as
the area under the ROC curve, Az.
The detection performance of the bilateral CAD system
was assessed by free response ROC FROC analysis. A
FROC curve shows the relationship between the detection
sensitivity and the FP rate as the decision threshold varies.
FROC curves were presented on a per-image and a per-case
basis. For image-based FROC analysis, the mass on each
mammogram was considered an independent true object. For
case-based FROC analysis, the same mass imaged on the
two-view mammograms was considered to be one true object
and detection of the masses on either view or on both views
was considered to be a TP detection.
Two sets of trained parameters were acquired as a result
of the twofold cross-validation training. To estimate the FP
rate on normal mammograms when the trained CAD system
is used in a screening setting, we applied the trained unilat-
eral and bilateral systems to the 260 no-mass mammograms
for independent testing. The number of FP marks produced
by the algorithm was estimated by counting the detected ob-
jects on these normal cases only. The mass sensitivity was
determined by counting only the masses on the correspond-
ing test mass subset. The combination of the sensitivity from
the test mass subset and the FP rate from the normal data set
at the corresponding detection thresholds resulted in a test
FROC curve. The training and testing procedure were per-
formed for each cycle of the twofold cross-validation pro-
cess, thereby generating two test FROC curves. To estimate
the overall performance of the CAD system, an average test
FROC curve is obtained by averaging the FP rates from the
FROC curves of the two mass subsets at the corresponding
sensitivities.
Chakraborty et al.32 proposed a JAFROC method and pro-
vided software to estimate the statistical significance of the
difference between two FROC curves. We employed the JA-
FROC analysis to evaluate the difference in the FROC
curves obtained from the unilateral CAD system and the bi-
lateral CAD system.
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A. Bilateral feature analysis
Figures 6 and 7 show examples of detection results ob-
tained from the unilateral system and the bilateral system.
Figure 6 shows a mass that was initially detected as a mass
candidate but was excluded in the false positive reduction
steps and was therefore a FN of the unilateral CAD system.
The bilateral analysis increased the likelihood score of this
mass. It was therefore not excluded in the false positive re-
duction steps and became a TP in the bilateral CAD system.
Figure 7 shows an example of an FP detected by the uni-
lateral CAD system. The FP was excluded in the bilateral
system because it was found to have high symmetry with the
tissue in the contralateral breast, as shown in the ROI in Fig.
7d, by the bilateral analysis.
B. Performance evaluation
In the prescreening process, we obtained a large number
of mass candidates on each mammogram. Each mass candi-
date was paired with a corresponding ROI in the contralat-
eral breast. A total of 3127 and 3402 mass candidates were
extracted for training subsets 1 and 2, respectively, which
included 98.5% 134/136 and 99.3% 139/140 of the
FIG. 6. a Mammogram containing a mass marked by the rectangular box.
b A contralateral mammogram of a and the rectangular box is the corre-
sponding ROI of the mass in a estimated by the automated regional reg-
istration technique. c ROI extracted from a containing a mass detected at
the prescreening stage but excluded at the final stage of the unilateral CAD
system. d The corresponding ROI in the contralateral breast. Bilateral
analysis of this ROI pair increased the likelihood score of the mass which
was then detected as a TP in the bilateral CAD system.
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lateral mammograms and the ROI pairs from bilateral mam-
mograms in the training subset were used to design the uni-
lateral and bilateral classifiers in each of the twofold cross-
validation cycles. The most effective subset of features from
the available feature pool was selected for each of the train-
ing subsets during the training procedure. For the unilateral
LDA classifier, 20 11 global and 9 local and 19 12 global
and 7 local texture features were selected from the two in-
FIG. 7. a Mammogram and the rectangular ROI containing a mass candi-
date. b The contralateral mammogram of a and the rectangular box is the
corresponding ROI of the mass candidate in a. c ROI extracted from a
containing normal tissue detected at the prescreening stage and included as
a FP at the final stage of the unilateral CAD system. d The corresponding
ROI in the contralateral breast. Bilateral analysis of this ROI pair reduced
the likelihood score of the normal tissue which then became a TN in the
bilateral CAD system.
FIG. 8. a Image-based and b case-based average test FROC curves from
detection on mammograms in the test subsets with masses.
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LDA classifier, 24 11 global texture, 9 local texture, and 4
morphological and 23 12 global, 8 local, and 3 morphologi-
cal features were selected from the two independent training
subsets, respectively. The validation Az values of the LDA
classifier during the leave-one-case-out training were
0.846±0.011 and 0.832±0.009, respectively, for the two
training subsets using the unilateral LDA classifier, and were
0.862±0.015 and 0.859±0.012, respectively, using the bilat-
eral LDA classifier. The classifiers achieved Az values of
0.833±0.015 and 0.831±0.011, respectively, for the two test
subsets using the unilateral LDA classifier, and 0.853±0.013
and 0.849±0.011, respectively, using the bilateral LDA clas-
sifier.
Figure 8 shows the average test FROC curves for the
unilateral and bilateral CAD systems after FP reduction with
the corresponding trained LDA classifiers when the FP rates
were estimated from the test subsets with masses. Figure 9
shows the corresponding results when the FP rates were es-
timated on the set of no-mass mammograms. Table I sum-
marizes the average FP rates estimated with both the mass
and no-mass data sets at several case-based sensitivities.
Because the detection performance of CAD systems on
cancer cases is of prime importance, we analyzed the perfor-
mance of our CAD systems for the subset of cases containing
malignant masses. Figure 10 compares the average test
FROC curves for the unilateral and bilateral CAD systems
on malignant cases only. Figure 11 shows the average test
FROC curves for the unilateral and bilateral CAD systems
with the sensitivities estimated on malignant cases only and
the FP rates estimated on the set of no-mass mammograms.
The bilateral CAD system achieved a case-based sensitivity
of 70%, 80%, and 85% at average FP rates of 0.35, 0.75, and
0.95 FPs/image, respectively, on the test subset of malignant
masses. In comparison to the average FP rates for the unilat-
eral CAD system of 0.58, 1.33, and 1.63 FPs/image, respec-
tively, at the corresponding sensitivities, the FP rates were
reduced by 40%, 44%, and 42% with the bilateral symmetry
information. Table II summarizes the average FP rates esti-
nilateral and the bilateral CAD systems. The FP rates were estimated fromthe u
detection on mammograms in the no-mass data set.
3340 Wu et al.: Bilateral mammogram based CAD system for masses 3340TABLE I. The average FP reduction rates at case-based sensitivities of 70%, 80%, and 85% for the test subsets
when the FP rates were estimated from the mass and no-mass data sets.
FP rate estimated from mass data set FP rate estimated from no-mass data set
Unilateral CAD Bilateral CAD FP Reduction Unilateral CAD Bilateral CAD FP Reduction
70% 0.70 0.53 24% 0.86 0.53 38%
80% 1.10 0.87 21% 1.32 1.04 21%
85% 1.46 1.15 21% 1.72 1.32 23%FIG. 9. a Image-based and b case-based average test FROC curves from the unilateral and the bilateral CAD systems. The FP rates were estimated fromFIG. 10. a Image-based and b case-based average test FROC curves from the unilateral and bilateral CAD systems for detection on cases with malignant
masses only. The FP rates were estimated from in the same data set.
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with malignant masses only at several case-based sensitivi-
ties.
The figure-of-merit FOM from the output of the JA-
FROC software is summarized in Table IIIa for all cases
and in Table IIIb for malignant cases only. The difference
between the FOMs for the unilateral and the bilateral CAD
systems was statistically significant p0.05 for all com-
parisons.
IV. DISCUSSION
Symmetry between breast structures in bilateral pairs of
TABLE II. The average FP reduction rates for cases w
80%, and 85% for the test subsets when the FP rates
FP rate estimated from mass data set
Unilateral CAD Bilateral CAD FP Reduc
70% 0.43 0.33 23%
80% 0.78 0.62 21%
85% 0.94 0.78 17%
TABLE III. Estimation of the statistical significance
unilateral and bilateral CAD systems on test subsets











FIG. 11. a Image-based and b case-based average test FROC curves from
masses only. The FP rates were estimated from the no-mass data set.mammograms is an important feature used by radiologists
Medical Physics, Vol. 34, No. 8, August 2007for mass detection or FP reduction. Similar structures that
appear in both right and left mammograms are more likely to
be normal tissue than abnormal lesions. Our bilateral analy-
sis translates this radiologists’ knowledge to computer vision
techniques so that the CAD system can utilize the symmetry
of breast tissue on bilateral mammograms to improve detec-
tion accuracy. The results of our study show that the bilateral
information is an effective technique for reducing FPs.
The bilateral features are important factors affecting the
performance of the bilateral LDA classifier. In this study, the
bilateral features were derived from features extracted from
each pair of ROIs, i.e., the mass candidate and its corre-
alignant masses at case-based sensitivities of 70%,
e estimated from the mass and no-mass data sets.
FP rate estimated from no-mass data set




difference between the FROC performance of the
2. The FP rates of the FROC curves were estimated
cases.
FOM JAFROC






















.009thesponding ROI, using the maximum-to-minimum ratio strat-
3342 Wu et al.: Bilateral mammogram based CAD system for masses 3342egy as shown in Eq. 1. We also investigated if other strat-
egies, including BFi , j=MCi , j /CRi , j, BFi , j
= MCi , j−CRi , j /MCi , j, and BFi , j= MCi , j
−CRi , j / MCi , j+CRi , j /2, could improve the per-
formance of the bilateral CAD system. It was found that
these strategies are not as effective as the maximum-to-
minimum ratio. Specifically, among the Az values of all bi-
lateral features, 72% of those from the latter strategies are
lower than those of their corresponding features obtained by
Eq. 1. The advantage of using bilateral symmetry measures
defined by the maximum-to-minimum ratio can be seen by
considering the following example: assuming two ROI pairs
that are highly asymmetric, MC1, CR1 and MC2, CR2, in
which MC1CR1 and MC2CR2, their bilateral features
derived as the maximum-to-minimum ratio will both be
greater than 1. However, the bilateral features obtained from
BFi , j=MCi , j /CRi , j will be greater than 1 for MC1,
CR1 but smaller than 1 for MC2, CR2. The bilateral mea-
sures obtained from BFi , j= MCi , j−CRi , j /
MCi , j or BFi , j= MCi , j−CRi , j / MCi , j
+CRi , j /2 will be positive for MC1, CR1 but negative
for MC2, CR2. The bilateral feature defined in Eq. 1
therefore describes the asymmetry between the ROI pairs,
regardless which ROI has a larger feature value, whereas the
other three bilateral features do not consistently provide fea-
ture values in the same direction. The maximum-to-
minimum ratio approach can thus achieve better performance
than the other three strategies.
The corresponding ROI registration is an important pro-
cedure in the bilateral analysis. The two breasts of a given
patient are not perfectly symmetrical and other factors such
as positioning and compression further introduce variability
in the symmetry. We investigated the effect of variability in
the registered ROI locations on bilateral analysis. For this
purpose, the prescreening step of our unilateral CAD system
was first applied to the contralateral mammogram to locate
the mass candidates. For a given ROI predicted by the reg-
istration method on the contralateral mammogram, its loca-
tion was compared to the ROI locations of these mass can-
didates by evaluating an overlap ratio, defined as the
intersection between the predicted ROI and a mass candidate
ROI relative to the area of the smaller ROIs. If the overlap
ratio of the predicted ROI with a mass candidate ROI was
greater than a chosen threshold, the location of the predicted
ROI would be changed to the location of the mass candidate
ROI. If the predicted ROI overlapped with more than one
mass candidate ROIs, the mass candidate ROI having the
largest overlap ratio that exceeded the threshold would be
used. We evaluated the effects of this ROI location adjust-
ment for a range of thresholds. It was found that when the
overlap ratio threshold was chosen to be about 0.7–0.9, the
performance of the bilateral CAD system would have a small
but insignificant improvement compared to the bilateral
CAD system without the ROI adjustment process. When the
overlap ratio threshold was smaller than 0.5, the performance
of the bilateral CAD system was degraded. This study indi-
Medical Physics, Vol. 34, No. 8, August 2007cated that small variability of the predicted ROI location on
the contralateral mammogram does not have a strong effect
on the performance of the bilateral analysis.
Various registration methods have been attempted for reg-
istration of mammograms of the same breast. For example,
the warping approach proposed by Sallam et al.33 and the
multiple-control-point approach proposed by Vujovic et al.34
Those approaches depended on the identification of corre-
sponding control points. However, there are few, if any, in-
variant landmarks on mammograms that can be identified
automatically because the breast is composed of soft tissue.
The projected image of the breast tissue often changes even
when the same breast is compressed two different times. It is
even more variable between a breast and its contralateral
breast. Commonly used rigid or nonrigid registration meth-
ods will not be appropriate for this application. We therefore
developed the regional registration method for correlation of
ROIs on mammograms. Our regional registration method
uses the nipple and the distance between the nipple and the
ROI center to be the relatively invariant information. The
lesion in the target breast is estimated to be located within a
band of tissue centered along the arc traced using the nipple-
to-lesion distance as the radius and with the origin at the
nipple. This method emulates a technique used by many ra-
diologists in identifying corresponding lesions in two-view
mammograms or current and prior mammograms.
van Engeland et al.35 compared methods for mammogram
registration based on breast alignment and linear and nonlin-
ear warping. They concluded that linear warping using mu-
tual information performed better than the other methods. We
also performed a study comparing our regional registration
method to correlation or mutual information based linear and
nonlinear warping methods using a data set of 390 current
and prior mammogram pairs.36 Our results showed that the
regional registration method outperformed the warping ap-
proaches in identifying corresponding lesions on the mam-
mogram pairs. The localization of symmetric ROIs on the
bilateral breasts is similar to the problem of registering ROIs
on current and prior mammograms. We therefore adapted the
regional registration method to the bilateral analysis in this
study.
To implement the bilateral analysis in a practical CAD
system, the nipple locations have to be detected automati-
cally. We have previously developed a nipple detection algo-
rithm to determine the nipple location on a mammogram.
The algorithm could detect the nipple locations within 1 cm
of the manually identified locations in about 70% of the im-
ages in the data set used in this study. A large deviation of the
nipple location from the true location may affect the regional
registration technique in locating the symmetric ROI on the
contralateral mammogram, which in turn may degrade the
performance of the bilateral analysis of tissue symmetry. We
therefore used the manually identified nipple locations in this
study in order to develop the bilateral classifier without the
influence of other confounding factors. Further work is un-
derway to improve the nipple detection algorithm and to in-
vestigate the effect of nipple detection accuracy on the per-
formance of the bilateral system.
3343 Wu et al.: Bilateral mammogram based CAD system for masses 3343The inward nipple projection is often a result of position-
ing and compression problems so that the nipple is not pro-
jected in profile. Since there is not enough information from
the two-dimensional projected mammograms to correct for
the deformation of the breast, we designed a simple, ad hoc
correction method to allow the arc drawn using the nipple-
to-mass distance as the radius to intersect the breast bound-
ary. In these cases, the breast image on the bilateral mammo-
gram often does not have a similar positioning problem and
the difference in the compression of the two breasts may
cause large uncertainty in the registration regardless of the
correction method. For cases in which both breasts actually
have inward nipples and the breast images are similar, our
correction method will not cause additional errors because
similar correction will be applied to the bilateral mammo-
grams and symmetric ROIs will be identified on the mam-
mograms.
Our motivation of this study is to reduce the FPs of a
CAD system for mass detection. A CAD detection system is
generally intended for use in screening mammography. At
the screening stage, all lesions of concern should be pointed
out to radiologists so that the radiologists can judge whether
a recall is warranted. If a detection system is trained to mark
only the malignant lesions, it may be attempting to play the
role of a triage system alerting radiologists to work up only
“malignant” cases rather than that of a second reader. Fur-
thermore, since computerized lesion detection or character-
ization on mammograms is not 100% sensitive, it will be
confusing to the radiologists whether an unmarked suspi-
cious lesion is missed or it is considered benign by the com-
puter. We believe that computer-aided diagnosis CADx
may be used in different ways in conjunction with a CAD
detection system. For example, the likelihood of malignancy
may be estimated by the CADx system and displayed for
every detected lesion, and/or a CADx system may be used
during diagnostic workup. Either way the CAD system will
first alert radiologists to all masses, leaving the assessment of
malignancy or benignity to a second stage. We therefore in-
cluded both malignant and benign masses in the training sets
to train the system to detect all masses.
V. CONCLUSIONS
We developed a FP reduction method to improve comput-
erized mass detection on mammograms based on analysis of
bilateral information. It was found that the false positives can
be reduced by training a new classifier for bilateral features
and combining its output score with the unilateral classifier
score. The bilateral CAD system achieved a case-based sen-
sitivity of 70%, 80%, and 85% for detection of malignant
masses at average FP rates of 0.35, 0.75, and 0.95 FPs/
image, respectively, on the test data set. In comparison to the
average FP rates for the unilateral CAD system of 0.58, 1.33,
and 1.63 FPs/image, respectively, at the corresponding sen-
sitivities, the FP rates were reduced by 40%, 44%, and 42%
with the bilateral symmetry information. The improvement
in the overall detection accuracy is statistically significant
p0.05 by JAFROC analysis. Our results demonstrate that
Medical Physics, Vol. 34, No. 8, August 2007the bilateral analysis can differentiate the similarity and dis-
similarity between tissues at corresponding locations in the
bilateral views and is useful for improving the performance
of a unilateral CAD system by further reducing the FPs.
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